Introduction
Musculoskeletal modelling is an important tool for understanding the internal mechanisms of the body during motion. To this day, it remains very challenging to measure muscle, ligament, and joint forces in vivo, and the associated procedures are invasive. Therefore, the use of musculoskeletal models for estimating these forces have become widespread and contribute important information to a variety of scientific fields, such as clinical gait analysis [1] , ergonomics [2] , orthopaedics [3] , and sports biomechanics [4] .
There exist a number of different analytical approaches within musculoskeletal modelling, as for instance forward dynamics-based tracking methods [5] , EMG-driven forward dynamics [6] , dynamic optimization [7] , and inverse dynamic analysis (IDA) [8] . In IDA, measurements of body motion and external forces are input to the equations of motion, and the joint reaction and muscle forces can be computed in a process known as muscle recruitment [8, 9] .
Typically, marker-based motion analysis and force plate measurements are used to determine body segment kinematics (i.e., positions, velocities, and accelerations) [10] and ground reaction forces and moments (GRF&Ms) [11] , respectively, while the body segment parameters (i.e., segment mass, centre-ofmass, and moment-of-inertia) are determined through cadaver-based studies [12] and model scaling techniques [13] .
It is well-known that the results of IDA are sensitive to inaccuracies in these input data [14, 15] . In addition, when analysing full-body models, the system becomes over-determinate as the GRF&Ms are input to the equations of motion [16] [17] [18] . In some cases, it can be justifiable to solve this over-determinacy by simply discarding acceleration measurements for one or more segments in the 5 model. When this is not possible, however, the dynamic inconsistency arising from these two issues can be solved by introducing residual forces and moments in the model to obtain dynamic equilibrium [17] [18] [19] .
In order to improve dynamic consistency, these residual forces and moments have been used to reduce error effects from the input data through various optimization methods [17, 18, 20] . Alternatively, dynamic consistency can be improved by deriving the GRF&Ms from the model kinematics and segment dynamical properties only, which is commonly known as the top-down approach [17, 20] . This method has traditionally been limited by the fact that the inverse dynamics problem becomes indeterminate during double-contact phases, where the system forms a closed kinetic chain [19, 21] . In recent years, however, several studies have provided solutions to this issue [19, [21] [22] [23] [24] [25] . For example, Fluit et al. [19] demonstrated a universal method for predicting GRF&Ms using kinematic data and a scaled musculoskeletal model only, in which the indeterminacy issue was solved by computing the GRF&Ms as part of the muscle recruitment algorithm. Additionally, compliant foot-ground contact models have also been developed, where the ground reaction forces (GRFs) are estimated based solely on the relative position and velocity between the segments of the foot and a ground plane [26] . This is accomplished by introducing springs, dampers, and friction between the foot and ground. While this approach comes close to the physical interaction between bodies in contact, it does not model the inherent ability of the human body to shift the load from one leg to the other during double support.
Besides improving dynamic consistency, predicting the GRF&Ms obviates the need for force plate measurements, which has some additional advantages: 1) the measurement errors associated with force plates can be eliminated, 2) force plate targeting can be avoidedan issue that may affect the segment angles and 6 GRF&Ms [27] , and 3) it facilitates IDA of movements that are continuous and occupy a large space [22] . Furthermore, while motion analysis systems that are able to operate outdoors are currently available, force plates are difficult and expensive to install in multi-settings [22] , and are sensitive to temperature and humidity variations [11] . For sports science research, predicting GRF&Ms would be particularly advantageous. Ensuring force plate impact during sports-related movements that are highly dynamic and require large amounts of space can be difficult. This issue could restrict natural execution of the movement or even require force plate targeting to ensure impact, hereby, potentially compromising the quality of the measurements. Finally, several sports-related movements can only be analysed in their entirety in an outdoor environment, which is currently infeasible using force plates. However, none of the existing methods for predicting GRF&Ms have been validated for sports-related movements.
Therefore, the aim of this study was to evaluate the accuracy of the method proposed by Fluit et al. [19] to predict GRF&Ms during sports-related movements.
This was accomplished by performing IDA on a variety of movements, such as running, vertical jump, and a side-cut manoeuvre. For validation, the predicted GRF&Ms and associated joint kinetics were compared to the corresponding variables obtained from a model, in which the GRF&Ms were measured using force plates. If comparable accuracy between these two methods can be established, it would provide new and valuable opportunities for IDA in sports science research. 7
Materials and methods

Experimental procedures
Ten healthy subjects (8 males and 2 females, age: 25.70 ± 1.49 years, height:
180.80 ± 7.39 cm, weight: 76.88 ± 10.37 kg) volunteered for the study and provided written informed consent. During measurements, male subjects only wore tight fitting underwear or running tights, while female subjects also wore a sports-brassiere. In addition, all subjects wore a pair of running shoes in their preferred size, specifically the Brooks Ravenna 2 (Brooks Sports Inc., Seattle, WA, US), in order to minimize discomfort and, hereby, facilitate natural execution of the movements.
A 5 min warm-up at 160 W was completed on a cycle ergometer before multiple practice trials were performed. The practice trials served two overall purposes and were preceded by a thorough instruction: for each movement, multiple repetitions were performed to ensure consistent technique throughout the duration of the experiment and establish a starting position from which the subjects were able to consistently impact the force plates. When the subjects were able to perform three consecutive repetitions with adequate technique, while consistently impacting the force plates, their starting position was marked and they were given a brief pause before markers were taped to their skin.
The following movements were included in the study: 1) running, 2) backwards running, 3) a side-cut manoeuvre, 4) vertical jump, and 5) acceleration from a standing position (ASP). These movements were chosen because they represent some of the most common movements associated with sports and recreational exercise, and can be performed without specialised skills. The movements also provided varied characteristics in the resulting GRF&Ms, 8 considering factors such as force plate impact time, force magnitude and direction, while involving both single and double-contact phases.
All running trials were completed first. The subjects were instructed to run at a comfortable self-selected pace, aimed towards facilitating a natural running style and a consistent pace between trials, and impact the force plate with their right foot. For the side-cut manoeuvre, the subjects were instructed to perform a slowly paced run-up, impact the centre of the force plate with their right foot, and accelerate to their left-hand side while targeting a cone. The centre of the force plate was marked with white tape and the cone was placed 2 m from the tape mark, angled at 45 degrees from the initial running direction. Backwards running was executed at a self-selected pace, and the subjects had to impact the force plate with their right foot. As the starting position had been established during the practice trials, the subjects only had to focus on executing the movement with consistent technique during measurements, while keeping their focus straight ahead (i.e., away from the running direction). Vertical jump was performed as a counter-movement jump, initiated with the subjects standing with each foot on separate force plates. They were asked to keep their hands fixated on the hips, focus straight ahead for the entirety of the movement cycle, and refrain from excessive hip flexion. While complying with these constraints, they were asked to push-off with their legs at maximal capacity and attempt to achieve their maximal jump height. Finally, ASP was initiated with the subjects' feet separated in the sagittal plane and placed on separate force plates, while their arms were positioned inversely to their feet, closely resembling a natural initiation of running. From this position, they were asked to accelerate to their self-selected running pace. Five trials were completed for all movements, each consisting of one full movement cycle. (Qualisys, Gothenburg, Sweden). GRF&Ms were obtained at 2000 Hz using two force plates (Advanced Mechanical Technology, Inc., Watertown, MA, US), which were embedded in the laboratory floor.
Data processing
3-D marker trajectories and force plate data were low-pass filtered using second order, zero-phase Butterworth filters with a cut-off frequency of 15 Hz. For all movements, three of the five successful trials were included for further analysis, yielding a total of 150 trials used to validate the predicted GRF&Ms and the associated joint kinetics. Trials were excluded due to marker occlusion over 10% or inadequate impact of the force plates, meaning that the whole foot was not in contact with the force plate surface or the impact occurred too close to the edges.
Musculoskeletal model
The musculoskeletal models were developed in the AnyBody Modeling System v. 6 .0.4 (AMS) (AnyBody Technology A/S, Aalborg, Denmark) based on the GaitFullBody template from the AnyBody Managed Model Repository v. 1.6.3 ( Figure 1 ). In the GaitFullBody template, the lower extremity model is based on the cadaver dataset of Klein Horsman et al. [12] , the lumbar spine model based on the work of de Zee et al. [28] , and the shoulder and arm models based on the work of the Delft Shoulder Group [29] [30] [31] . The model had a total of 39 degrees-offreedom (DOF), including 2x2 DOF at the ankle joints, 2x1 DOF at the knee joints, 2x3 DOF at the hip joints, 6 DOF at the pelvis, 3 DOF between pelvis and thorax, 2x2 DOF at the elbow joints, 2x5 DOF at the glenohumeral joints, and 2x2 DOF at the wrist joints. As there were no markers placed on the head, the neck joint was fixed in a neutral position.
Geometric and inertial parameter scaling
A length-mass scaling law [32] was applied to scale the musculoskeletal models to the different sizes of the subjects. For the geometric scaling of each segment, a diagonal scaling matrix was applied to each point on the segment. For the longitudinal direction, the entry of the scaling matrix was computed as the ratio between the unscaled and scaled segment lengths. In the two other orthogonal directions, the scaling was computed as the square root of the mass ratios divided by the length ratios between the scaled and unscaled models. The total body mass was distributed to the individual segments by applying the regression equations of Winter et al. [33] . Finally, the inertial parameters were estimated by assuming that the segments were cylindrical with a uniform density and the length and mass equal to the segment length and mass.
Muscle recruitment problem
The muscle recruitment problem was solved by formulating a quadratic optimisation problem, also known as Quadratic muscle recruitment, which minimises a scalar objective function, G, subject to the dynamic equilibrium 11 equations and non-negativity constraints, ensuring that the muscles can only pull and that each unilateral contact element, (C) , and pelvis residual force, (R) , as will be explained later, can only push. In other words, the sum of the squared muscle, contact, and residual activities (i.e., the ratio between forces and strengths) were minimised to provide the forces. The optimisation problem was formulated as
where, (M) is the ith muscle force, (M) is the number of muscles, and ( ) is the strength of the muscle. The muscle strengths were based on the datasets for the different body parts and assumed constant, meaning that the maximum muscle forces were kept constant for all muscle states (e.g., muscle length and contraction velocity), and adjusted using a strength scaling factor based on fat percentage [30] , which was estimated from each subject's Body-Mass-Index using the regression equations reported by Frankenfield et al. [34] .
The lower extremity model included a total of 110 muscles, divided into 318 individual muscle paths, whereas ideal joint torque generators were used for the upper extremities. In addition, residual force actuators were added to the origin of the pelvis segment, which were able to generate residual forces and moments up to 10 N or Nm. The activation levels of these actuators were solved as part of the muscle recruitment, aimed towards minimising their contribution.
Model scaling and kinematics
Model scaling and kinematic analysis were performed applying the optimisation methods of Andersen et al. [10, 35] . During the experiment, the subjects performed multiple gait trials of which a single trial for each subject was initially used to determine segment lengths and model marker positions. These parameters were estimated by minimising the least-square difference between model and experimental markers using the method of Andersen et al. [35] . For each subject, the segment lengths and marker positions obtained from the gait trial were subsequently saved and used for the analysis of all other trials. Specifically, the optimised parameters were loaded and the least-square difference between model and experimental markers minimised over the whole trial duration to obtain the model kinematics [10] . Further details regarding the marker optimisation procedure is provided as supplementary material.
Prediction of GRF&Ms
The prediction of the GRF&Ms was enabled by adopting the method of Fluit et al. [19] . However, some alterations were made to adjust for the different conditions in 13 the present study as well as improving the method's ease of implementation, which are specified in the following. The GRF&Ms were predicted by creating contact elements at 18 points defined under each foot of the musculoskeletal model ( Figure 2 ). In order to compensate for the sole thickness of the running shoes and the soft tissue under the heel, the contact points on the heel were offset To accommodate the fact that there can only be contact forces at the contact points when they are close to the ground plane and stationary, a strength factor, similar to the one used for muscles, was introduced and the magnitudes of the predicted GRF&Ms were determined by solving the activation level of 14 muscle, joint, and ground contact forces as part of the muscle recruitment algorithm simultaneously.
The strength factor ensured that the contact elements would only generate forces if their associated contact point, p, was sufficiently close to the floor and almost without motion. Furthermore, in order to be activated, each contact point had to overlap with a user-defined artificial ground plane in the model environment, as illustrated in Figure 2 . The maximal strength of each actuator was set to max = 0.4 BW, the activation threshold distance for p was set to = 0.04 m, and the activation threshold velocity of p relative to the ground plane was set to limit = 1.3 m/s. The threshold distance, limit , specifies the location of the artificial ground plane relative to the origin of the global reference frame and not the actual location of the ground. The maximal strength of the actuators and the threshold velocity were similar to the values used in Fluit et al. [19] , while the threshold distance and muscle recruitment criterion were determined by performing multiple simulations of a single gait trial for each participant and adjusting these parameters to obtain the most accurate results. The chosen threshold distance and muscle recruitment criterion were then used for all other trials.
To The smoothing function would be assumed when p was near limit and limit , as specified in Eq.
(2); hence, the strength of the actuators would build up gradually until the threshold values were reached.
During muscle recruitment, the forces of the skeletal muscles and the contact elements were weighted equally, but the strength of the contact element forces was high compared to the skeletal muscles, whereas the strength of the residual forces and moments placed on the pelvis was relatively low. This means that the actuation of the contact elements, when in full contact with the ground, were of practically no cost in the objective function, which enabled the recruitment algorithm to distribute the contact forces such that the muscle loads were minimised. The solver did not distinguish between single and doublesupport phases, hereby, providing a solution to the problem of under-determinacy.
Data Analysis
For the running, backwards running, and side-cut trials, data were analysed from Pearson's correlation coefficient (r) and root-mean-square deviation (RMSD) were computed to compare the shape and magnitude, respectively, of the selected variables between the models. Following the procedures of Taylor [36] , the absolute values of r were categorized as weak, moderate, strong, and excellent for r ≤ 0.35, 0.35 < r ≤ 0.67, 0.67 < r ≤ 0.90, and 0.90 < r, respectively. To test the differences between the computed peak GRFs and peak resultant JRFs associated with each method, Wilcoxon paired-sample tests were applied for which p < 0.05 are reported as a significant difference.
Results
The time-histories of the selected variables for running, backwards running, and side-cut are depicted in Table 3 .
Across all movements, excellent correlations were found for the vertical GRF (r ranging from 0.96 to 0.99, median 0.99), and strong to excellent The RMSD showed that the magnitude differences were generally low, ranging from 1.88 to 16.68 (% BW), median 6.75, for the GRFs, 0.50 to 3.46 (% BW BH), median 1.17, for the GRMs, 0.41 to 3.73, median 1.26, for the joint moments, and 33.02 to 177.49, median 72.43, for the JRFs. However, the model overestimated the majority of the peak forces, and the Wilcoxon-paired sample tests showed significant differences for 21 of the 28 computed variables. No significant differences were found for the peak vertical GRF for both the right (RL) (p = 0.1156) and left leg (LL) (p = 0.0978) during ASP, ankle peak resultant JRF during side-cut (p = 0.6143), knee peak resultant JRF during backwards running (p = 0.8444) and for the RL (p = 0.5720) and LL (p = 0.2149) during vertical jump, and hip peak resultant JRF (0.0519) for the RL during ASP. The results for each movement are summarised in the following.
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Running
For the GRF&Ms during running, strong to excellent correlations, see Table 1 (a), were observed for all variables of notable magnitude, including the vertical GRF (0.99 ± 0.00), antero-posterior GRF (0.88 ± 0.12), and sagittal GRM (0.87 ± 0.09), whereas the forces and moments of relatively small magnitude showed weak to moderate correlations, specifically the medio-lateral GRF (0.13 ± 0.37), frontal GRM (0.50 ± 0.24), and transverse GRM (-0.04 ± 0.33). Overall, the model provided comparable estimates of joint kinetics, showing strong to excellent correlations for all joint moments (r ranging from 0.71 to 0.92, median 0.87) and resultant JRFs (r ranging from 0.93 to 0.98). The RMSD, see Table 2 (a), ranged from 5.50 to 15.09 for the GRFs, 1.17 to 3.59 for the GRMs, 1.17 to 3.31 for the joint moments, and 74.92 to 177.49 for the JRFs.
Backwards running
Similar to running, the results for backwards running showed strong to excellent correlations, see Table 1 (a), for the vertical GRF (0.99 ± 0.00), antero-posterior GRF (0.94 ± 0.02), and sagittal GRM (0.88 ± 0.09), whereas weak to moderate correlations were found for the medio-lateral GRF (0.53 ± 0.28), frontal GRM (0.39 ± 0.34), and transverse GRM (0.09 ± 0.34). Furthermore, strong to excellent correlations were found for all joint moments (r ranging from 0.68 to 0.94, median 0.87) and resultant JRFs (r ranging from 0.84 to 0.98). The RMSD, see 
Side-cut
Compared to the two running activities, the medio-lateral GRF and transverse GRM were of considerably higher magnitude during side-cut, resulting in correlation coefficients, see 
Vertical jump
For vertical jump, the majority of the variables showed comparable results between the models, and similar results for the RL and LL, highlighted by the strong to excellent correlations, see 
Discussion
In this study, the method of Fluit et al. [19] to predict GRF&Ms was adopted and validated for an array of movements associated with sports and recreational exercise. Alterations were made to the original method, which included the implementation of a new smoothing function and additional contact points to the dynamic contact model. The predicted GRF&Ms and associated joint kinetics were compared to the corresponding variables obtained from a model, where a traditional IDA was applied, in which the GRF&Ms were measured using force plates.
The main findings were that the model was able to provide estimates comparable to the traditional IDA approach for the vertical GRFs, joint flexion moments, and resultant JRFs based on the strong to excellent correlations found for all these variables and the generally low magnitude differences. These results were, furthermore, overall similar between movements involving only single contact phases (e.g., running), entirely double contact (vertical jump), and a transition from double to single contact (ASP). The results for the GRMs, anteroposterior GRFs, and medio-lateral GRFs varied between movements and discrepancies were identified, particularly for the transverse and frontal GRMs.
Finally, despite the overall shape and magnitude similarities in the datasets, the computed peak vertical GRFs and resultant JRFs showed discrepancies, and significant differences were found for the majority of these variables.
The discrepancies found for the medio-lateral GRFs, frontal GRMs, and transverse GRMs can likely be explained by the low magnitude of these variables, which increased the influence of noise. When these variables increased in magnitude, the correlations between datasets likewise increased, such as the frontal GRM during vertical jump (r = 0.96 ± 0.02) and transverse GRM during side-cut (r = 0.86 ± 0.09). This tendency indicates that the low signal-to-noise ratio was the predominant issue for these inaccuracies. It also shows that the correlation coefficient might not be an appropriate tool to compare variables of such low magnitudes, as the results can be misleading.
The transverse GRMs showed the lowest correlations between datasets, which was consistent with the findings of Fluit et al. [19] . This result could be partly caused by the constraint imposed by the simplified model of the knee as a hinge-joint, which did not allow for transversal rotation. This issue could, furthermore, have caused the relatively poor agreement of the HERM for the majority of the movements. Therefore, future studies could advantageously 22 implement a knee model with a more detailed geometry or an advanced knee model, as for instance the model proposed by Marra et al. [37] .
In order to improve the model's prediction of GRF&Ms, a number of parameters could be adjusted in the dynamic contact model. First, the contact point offsets were approximated, considering the sole thickness of the running shoes and the soft tissue under the heel, and measurements of these parameters could possibly improve the ground contact determination. However, the points are required to overlap with the artificial ground plane in the model environment and have to be adjusted accordingly. Second, the number and position of the contact points could be adjusted to provide more detailed modelling of the foot-ground contact, accounting for the underside characteristics of the foot or specific footwear used. Third, a sensitivity analysis could have been performed on the contact parameters, max , limit , and limit , as well as the threshold values for ratio and ratio , hereby, determining a set of optimal values. This could potentially have reduced the overestimations of peak forces that were identified for the majority of the analysed variables, and represented the clearest discrepancy between datasets. Future studies could advantageously deploy a sensitivity analysis involving all or several of the contact parameters to find an optimal combination, aimed towards achieving the highest possible accuracy in the model estimates.
A number of limitations should be noted. First, it is well-known that marker trajectories are associated with noise, especially due to soft-tissue artefacts [38] , and methods to sufficiently compensate for these inaccuracies does currently not exist [39] . Second, the foot was modelled as a single segment, and the dynamic contact model could have been improved by applying a multi-segment foot model. In particular, a model that enables bending of the toes would likely 23 increase the accuracy of the predictions around toe-off. Third, the muscle models did not incorporate contraction dynamics, e.g., as modelled with a Hill-type muscle model, which might have altered the model kinetics, including the predicted GRF&Ms. However, this would require the determination of additional individual parameters, such as passive stiffness, tendon slack length, optimal fiber length etc., which are typically estimated through calibration procedures and are also sources of uncertainty in the model. Furthermore, incorporating muscle contraction dynamics would most likely only have any influence on the variables of interest during ASP, since it is an asymmetrical double-supported movement.
The presented method provides a number of valuable opportunities for future studies, particularly within sports science research. By obviating the need for force plate measurements, this method facilitates the analysis of sports-related movements that occupy a large space or can only be analysed in their entirety in outdoor environments, and excludes the potential influence of force plate targeting. Another potential benefit is that the method enables the determination of GRF&Ms in situations, where force plates are difficult and expensive to instrument, such as motion analysis during treadmill walking or running. Finally, an exciting perspective is the combination of the method with motion analysis systems that do not commonly incorporate an interface between kinematic and force plate data, such as miniature inertial sensors [40] or marker-less motion capture [41] . Recently, Skals et al. [42] introduced an interface between markerless motion capture data and a musculoskeletal model, thus providing the first step towards complete IDA using such systems. The results are presented as the mean ± 1 SD. The variables associated with the predicted and measured GRF&Ms are illustrated in blue and red, respectively. The results are presented as the mean ± 1 SD (shaded area). 
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